Skull registration is one of the important steps in craniofacial reconstruction, and its registration accuracy and efficiency have an important impact on the reconstruction results. To solve the problem of low accuracy and efficiency of existing skull registration methods, a hierarchical skull point cloud registration method is proposed in this paper. The whole registration process is divided into a rough registration stage and a fine registration stage. Firstly, feature points are extracted from the pre-processed skull point cloud model, and a local coordinate reference system is established according to the feature points and their neighbor points. The improved spin image is used to construct the local feature descriptor. The feature matching is carried out according to the nearest neighbor algorithm, and the k-means algorithm is used to eliminate the mismatching points to achieve skull rough registration. Then, based on rough registration, we use an improved ICP algorithm to achieve fine registration of the skull. In this process, we use random sampling to reduce the search scale of points and add geometric feature constraints to further eliminate mismatched points. Finally, the whole registration algorithm is applied to the skull point cloud data to verify. The experimental results show that, compared with other methods, the registration effect and efficiency of the proposed method are superior to those of other methods. In order to verify the universality of the method, we also use a common data set for verification. Experiments show that the method is also very effective.
I. INTRODUCTION
The identification of the remains of the skull has important applications in the fields of forensic science, anthropology, archaeology, etc. It has always been hot issue research at home and abroad. Craniofacial reconstruction is one of the important ways to identify the skull. There are two main methods for craniofacial reconstruction: traditional manual and computer-aided methods. The manual reconstruction method is greatly influenced by the subjective factors of experts, and the accuracy of the reconstruction results is not high. The computer-aided reconstruction method is the main method currently used. The basic principle of the computeraided restoration method is to restore the skull S, find the skull The associate editor coordinating the review of this manuscript and approving it for publication was Geng-Ming Jiang.
S which is most similar to it from the existing skull database, use the face of the skull S as the reference surface of the skull S to be restored, and then statistically deform the reference surface. Finally, the restoration of the skull to be restored is realized. The process of searching for the most similar skull to the restored skull in the skull database is the skull registration process. It can be seen that the quality of registration results will directly affect the effect of reconstruction. Therefore, it is particularly important to study a high-precision skull registration method.
Skull point cloud registration is an application field of three-dimensional point cloud registration. The task of registration is to solve the conversion relationship between three-dimensional data coordinate points from different perspectives. According to the geometric transformation relationship between three-dimensional point clouds, registration algorithms are divided into rigid-body transformation-based registration method and non-rigid-body transformation-based registration method. In this paper, only the registration method of rigid body transformation is discussed and studied. For the registration problem of the three-dimensional rigid body model, it is generally divided into two processes: rough registration and fine registration.
Point cloud rough registration can be roughly divided into three categories according to different methods of use: manual registration using tools, point cloud registration based on voting rules and point cloud registration based on local features. Cheng et al. [1] used the label method. Before point cloud registration, labels were added to the model artificially. According to these label feature information, the point cloud information obtained by this method is robust and reliable, but the process is tedious and time-consuming. Aiger et al. [2] proposed a method to extract coplanar a fourpoint set. The rotation matrix and translation matrix of point cloud data can be quickly calculated by rotation invariant, which has high robustness. Rusu et al. [3] proposed a point feature histogram (FPH) method, which is complex in computation and inefficient in registration. Later, Rusu et al. [4] improved the PFH algorithm and proposed a fast point feature histogram method (FPFH). Compared with the FPH method, this method has higher computational efficiency, but for smaller feature recognition ability is low, and the antinoise ability needs to be further improved. In addition, there are some registration algorithms using skull region features, normal and curvature features and two-dimensional image features [5]- [7] .
In the fine registration stage, the most classical and widely used algorithm is Iterative Closest Point (ICP) proposed by Besl and Mckay [8] . ICP algorithm is simple and easy to implement, but it is very time-consuming and easy to fall into local optimum, which may result in incorrect registration results. Therefore, scholars at home and abroad have proposed many improved ICP algorithms. Xie et al. [9] proposed a double interpolation ICP algorithm (FICP), which effectively eliminated outliers and improved the robustness of the ICP algorithm. Choi et al. [10] proposed an improved k-d tree traversal method to speed up the search process of the nearest point, which effectively improved the convergence speed of the algorithm. Bae and Lichti [11] propose an improved ICP algorithm based on point cloud boundary feature points, which effectively improves the efficiency and accuracy of the algorithm. At present, the ICP algorithm is still a hot research method in the registration algorithm [12] , [13] .
Because of complex skull structure, uneven surface, and many holes, it is a very complex three-dimensional point cloud data, so the accuracy of skull registration is required to be higher. Existing registration methods are applied directly to the skull and do not yield the expected results. Therefore, for the special three-dimensional model of the skull, this paper proposes an improved spin image and ICP method for skull point cloud registration. This method divides the registration process into two parts: rough registration and fine registration. In rough registration, a registration method based on the improved spin image is adopted. Firstly, feature points of the skull point cloud are extracted, the local coordinate system is established according to feature points and their neighboring points, and local feature descriptors based on the improved spin image are calculated. Then, initial corresponding points are searched according to local feature descriptors, and mismatched points are eliminated for rough registration. In fine registration, the registration method based on improved ICP is adopted. In this paper, the ICP algorithm is improved from two aspects of point cloud sampling and mismatched point elimination. The improved algorithm is used in the fine registration process. The process of this method is shown in Figure 1 .
This paper is arranged as follows: the first part is the introduction; the second part is skull data acquisition and preprocessing; the third part is skull rough registration; the fourth part is skull fine registration; the fifth part is experimental results and analysis; the last part is the conclusion.
II. ACQUISITION AND PREPROCESSING OF SKULL DATA
All skull samples in this paper are from the Institute of Visualization Technology, Northwest University. Data acquisition is obtained by using a Siemens multi-detector spiral CT machine and then reconstructed by CT image. The process of skull three-dimensional model reconstruction is realized by the skull reconstruction program independently developed by the research group. All three-dimensional skull models obtained are single-layer 3D point cloud data.
In the CT phase of the skull, the image has been denoised and redundant, but some noise or redundant information can not be completely eliminated by the image processing algorithm. Therefore, after the reconstruction is completed, the reconstructed three-dimensional model needs to be further processed. After denoising and simplifying the reconstructed model, a clean, small amount of data can be obtained, but the detailed features and geometric shapes of the data can be preserved. In addition, the skull needs coordinate correction and scale normalization. In the coordinate correction, the Frankfurt coordinate system [14] is used to unify the coordinates of all skulls. In scale normalization, the distance from the middle point of the left ear hole to the middle point of the right ear hole, regardless of the size of the skull, is treated as unit 1, that is to say, each vertex of the skull (x, y, z) is converted to (x/|L p − R p |, y/|L p − R p |, z/|L p − R p |). Among them, L p denotes the middle point of the left ear hole, R p denotes the middle point of the right ear hole, and L p − R p denotes the distance from the middle point of the left ear hole to the middle point of the right ear hole.
III. ROUGH REGISTRATION OF SKULL
The rough registration process is to make the same parts of two three-dimensional models in different coordinate systems that can be roughly matched and coincided. In this paper, the implementation of rough registration is accomplished by using the improved spin image method. Firstly, feature points of the skull point cloud are extracted, and local coordinate system is established according to feature points and their neighboring points, and the local feature descriptors are calculated. Then, according to the local feature descriptor, constraints are applied to find the initial pairs of corresponding points, and the mismatched points are eliminated. Finally, the skull rough registration was performed.
A. FEATURE POINT EXTRACTION
The feature point is a set of points on the 3D point cloud that are stable and distinct by defining a particular constraint. Since the number of points on the three-dimensional point cloud is generally large and the processing is complicated, the commonly extracted feature point set together with the local features represents the entire point cloud. The number of feature point sets is much less than the number of 3D point clouds, which can speed up the registration of point clouds, so the selection of feature points is crucial for registration accuracy and speed.
Because the intrinsic shape signature (IIS) method [15] is based on eigenvalue analysis and covariance matrix, the principle of the algorithm is simple and easy to implement. It can process point clouds directly to meet the requirements of skull registration. Therefore, this paper uses the ISS algorithm to extract feature points of the skull point cloud.
For point p i on the skull point cloud, the covariance matrix is calculated by the formula (1) and formula (2) . The eigenvalues 
where p is the centroid of the p i neighborhood. Calculate the covariance matrix from p i and its neighborhood:
where N r (p i ) = {p j p j − p i ≤ r} denotes the neighborhood point with p i as the center and radius r.
To improve the computational efficiency, we omit the calculation of the local central point. After using the weighted covariance matrix in formula (4), we select the point whose eigenvalue satisfies formula (3) as the key point according to the calculated eigenvalue and add it to the key point set of the skull to complete the extraction of the feature points.
For each point p j in the neighborhood of the key point, the weight w j is inversely proportional to the Euclidean distance between point p j and p i . The weight is used to improve the robustness of LRF to occlusion, clutter, and local resolution changes.
B. ESTABLISHMENT OF LOCAL COORDINATE SYSTEM
The local coordinate reference system is established based on the key points and their neighbor points. It does not change with the change of the measurement viewpoint. When extracting the local features, the local coordinate reference axis is established according to the data of the key support domain, and The local coordinate descriptor is extracted in the local coordinate system. The local coordinate reference system can provide an effective reference for the extraction of local features such that the local features have rotational and translation invariance.
To construct the local coordinate reference system at the key point, firstly, the sphere with the radius r is centered on the key point, and the local neighbor point of the point is obtained from the point cloud. Let the set of key points of skull be
, N K is the number of key points, and the eigenvectors of each key point are {e 1 i , e 2 i , e 3 i }. Therefore, LRF can determine z axis by formula (5) .
where p i p j = p j − p i represents the vector from point p i to point p j . The x-axis and the y-axis are determined by the method of Yang et al. [16] , and the tangent plane at the p i point can be constructed from the normal vector n i = z(p i ) of the p i point and the point p i . The point in N r (p i ) is projected to the tangent plane, and the projection vector v ij of each neighborhood p j point in the tangent plane is calculated.
The weighted average of all projection vectors v ij of tangent plane at p i is used to estimate the x-axis.
x (p i ) = n r j=1 w j1 w j2 v ij n r j=1 w j1 w j2 v ij (7) where w j1 = (r − p j − p i ) 2 denotes the weight of the distance between p j and p i , and w j2 = ((p j − p i ) · n i ) 2 denotes the projection weight between them. · denotes the L 2 norm. The first weight w j1 is to improve the robustness of the local coordinate system to clutter and occlusion. Therefore, the distant neighborhood points contribute less to the x-axis. The second weight w j2 is to make the point with larger projection distance contribute more to the x-axis, and can provide higher repeatability in the plane area.
Finally, the y-axis of LRF is determined by the following way, and its direction is determined according to the right hand rule.
Therefore, the local reference coordinate system at the feature point p i can be established by the above algorithm.
Spin image [17] is a method of representing local feature descriptors with grid images. It has translation and rotation invariance. The spin image has a relatively stable effect on rigid-body transformation. It has been widely used in point cloud registration. But there are still some problems:
(1) Because spin image is the statistics of neighborhood points of key points, they are affected by the density of neighborhood points and noise points. (2) Spin image is obtained by transforming data from three-dimensional space to two-dimensional space, abandoning angle information and using only local surface normal vectors as reference axes, which contain less information. (3) The matching process of the spin image is time-consuming. In this paper, the spin image is improved based on the problems of the spin image and the inspiration of the Trisi local features proposed by Guo et al. [18] .
The improvement lies in: The original method is: when all the points in the p neighborhood are represented by spin coordinates (α, β), the two-dimensional space is divided into L × L grids, and the number of points in each grid is accumulated, which can be obtained. A two-dimensional digital image, which is a spin image. The improved method is as follows: when all points in p neighborhood are represented by spin coordinates (α, β), the two-dimensional space is divided into L × L grids, and the number of neighborhood points falling into each lattice is counted, thus L × L number distribution matrices are obtained, and the average number distribution matrix is used to describe local features. To reduce the feature dimension, the information of the average distribution matrix is extracted and compressed to obtain a robust local feature descriptor.
Let p be the key point of the skull key point set and the local coordinate reference system of p is L(p) = {x(p), y(p), z(p)}. With the p point as the center, the neighborhood point with radius r s is N r s (p) = {p j p j − p ≤ r s }. The steps of local feature calculation are as follows:
Step1: A cylindrical coordinate system is constructed with p as the origin and the coordinate axis x (p) of the point as the main direction, and the neighboring points of the point are substituted into the formula (10) to obtain the spin coordinates (α j , β j ) of the neighboring point p j of the key point p. Let λ be the largest absolute value of α and β in the spin coordinates of neighboring points, let α j = a j λ , β j = β j λ , and then the normalized spin coordinates are α j , β j .
Step2: All the normalized spin coordinates obtained in the previous step are divided into L × L coordinate grids in twodimensional space, and each spin coordinate is recorded in the grid. The number of neighborhood points in each grid is counted, and then L × L number distribution matrices are obtained, which is recorded as D 1 . D 1 reflects the distribution of neighborhood points in two-dimensional space. We use the average quantity distribution matrix to describe the local features. The calculation method is as follows:
Step3: In order to reduce the dimension of the feature, the information of the average number distribution matrix is further extracted and compressed. Because the low-order center moments u 11 , u 12 , u 21 , u 22 and Shannon entropy e contain most useful information of average distribution matrix D 1 , and the low-order center distance is more robust to noise and resolution changes, this paper uses the center moments and Shannon entropy to extract information in the matrix, that is, F 1 = {u 11 , u 12 , u 21 , u 22 , e}, in which the m + n order center moments of average distribution matrix D 1 are defined as:
Step4: After the description vector F 1 is obtained, the point p is taken as the origin again, and the y (p) and z (p) of the point coordinate axis are used as the main direction to form the cylindrical coordinate system of the point, and the other two description vectors F 2 and F 3 are calculated. By concatenating the three descriptor vectors in series, a more discriminative descriptor vector F = F 1 , F 2 , F 3 is obtained. Finally, the key point p , its local coordinate reference system L (p) and its local descriptor F form a robust local feature descriptor f = {p, L (p) , F}.
D. ROUGH REGISTRATION PROCESS
After obtaining the local feature descriptors, the corresponding points with the smallest distance between the feature descriptors are selected as the initial corresponding points for feature matching. The purpose of feature matching is to establish the corresponding relationship between feature points, but there will be mismatching point pairs in the matching process. After eliminating the mismatching point pairs, the skull coarse registration will be realized finally.
To improve the accuracy of rough registration, the nearest neighbor algorithm combined with a threshold is used to further improve the accuracy of feature matching. The matching process is as follows:
Step1: The source point cloud P S and the target point cloud P T are assumed to extract the key points, and the corresponding key point sets P i and P j are obtained. Then the local
. . , f j N j } of the point set P j and P j are calculated, where N i and N j represent the size of P i and P j respectively.
Step2: For each feature f i k in M i , its nearest feature f j k in M j is calculated. When the formula (13) is satisfied and the closest distance between them is less than the threshold δ d , it is considered that f i k and f 
There is a mismatching point in the initial corresponding point set obtained by the feature matching, which results in a large error in the transformation relationship obtained by the initial corresponding point set. Therefore, it is necessary to adopt appropriate methods to remove mismatched points from the initial set of corresponding points, to make the transformation relationship between skulls more accurate. In this paper, we use the k-means algorithm to eliminate mismatch pairs.
For 
There are N ij key point pairs in C ij , so the rigidity of N ij can be obtained according to the above formula. A new set TF is formed by transforming the rotation matrix of N ij into a sevendimensional vector composed of quaternions and translation vectors. Then, the k-means algorithm is used to cluster the new set. At the end of the clustering, the point pair set C ij k of the least error class is retained as the final result.
IV. FINE REGISTRATION OF SKULL
The method in Section 3 of this paper has coarsely registered the skull point cloud and obtained the relationship between the initial registration point pair and the feature matching. However, due to the huge amount of point cloud data, the registration is caused by mismatched points in the initial registration process. The accuracy is not high. Therefore, on the basis of rough registration, further fine registration of the point cloud is needed. In the fine registration process of the skull, we use a modified ICP algorithm to achieve registration. However, the ICP algorithm is directly applied to the registration of skull point clouds, and the effect is not satisfactory. Therefore, there is a need to improve the ICP algorithm. This paper improves from the sampling of the point cloud and the elimination of mismatched points.
Each iteration of the standard ICP algorithm searches all points on the point cloud for the closest point on the target point cloud. However, due to a large number of point clouds, the algorithm is time-consuming, and every iteration, all points of point clouds are registered, so the registration error is large. Therefore, this paper uses a part of the point set to speed up the search of corresponding point pairs and accelerate the iteration process.
For source point cloud P S and target point cloud P T , we use a random sampling method to select a part of the total point set randomly for searching the nearest point in each iteration. At the kth iteration, n k points on the point cloud P S are randomly used to search for their closest point on P T . Where n P is the total number of source point clouds, d avg is the average distance between points, ω is the parameter of control points, k−1 is the error of an iteration.
From the above formula, we can see that the number of points selected for each iteration is related to the error. In the early stage of iteration, registration error is large, so the number of points selected is small. As the number of iterations increases and registration error decreases, we can increase the number of sampling points to achieve more fine registration. After rough registration, the source point cloud and the target point cloud are basically located in the same coordinate system, and the geometric characteristics of the point pairs are similar in their neighborhoods. Therefore, in the process of searching for corresponding points, by adding geometric feature constraints, the pairs of mismatched points can be eliminated, the corresponding pair of points can be quickly determined, and the efficiency of searching can be improved. In this paper, the constraint of the corresponding point pair is performed by calculating the distance between the two nearest point pairs p i and q j and the coordinate origin O, and the angle φ n between the two matching point normal vectors. The distance between p i and the origin of coordinates is d i , the distance between q j and the origin of coordinates is d j , and their normal vectors are n i and n j , respectively, and the angle between them is φ. Therefore, the mismatching points can be eliminated by the following constraints:
Through the above constraints, the corresponding pairs that do not satisfy the condition can be excluded, and the corresponding pairs that satisfy the condition can be added to the set of corresponding pairs.
V. ANALYSIS OF EXPERIMENTAL RESULTS
This algorithm is implemented in Intel Core i7 3.41 GHz CPU, 8G memory PC, Visual studio 2015 software using C++ language and PCL point cloud library. The 90 sets of skull point cloud data used in the experiment were all reconstructed by CT scanning. In the experiment, we defined the quantitative evaluation index of the accuracy of the registration results, validated the skull rough registration method and the skull fine registration method proposed in this paper, and validated the universality of the algorithm by using common data sets.
A. QUANTITATIVE EVALUATION OF ACCURACY OF REGISTRATION RESULTS
Because of the similarity between skulls, in order to evaluate the accuracy of skull point cloud registration more directly, we use root mean square error (RMSE) to quantify the results of skull registration and measure the accuracy of skull registration.
Rp i + T − q j (18) where N p represents the matching point logarithm and q j is the point in the point set Q that matches p i .
B. EXPERIMENTAL RESULTS AND ANALYSIS OF SKULL ROUGH REGISTRATION
In the rough registration of the skull, we used 90 sets of skull point cloud data as the test sample for rough registration and calculated the root mean square error to evaluate the registration results. To verify that the proposed method has better accuracy and higher efficiency, the method is compared with the PCA-based rough registration algorithm [19] and the curvature-based rough registration algorithm [20] . In the experiment, there were 207487 points in the skull to be registered and 210304 points in the target skull. The number of key points extracted was 695 and 698, respectively. The results of registration between the skull to be registered and the target skull are shown in Fig. 2 . The efficiency comparison of rough registration is shown in Table 1 .
As can be seen from Figure 2 , the registration effect of this paper is the best. Taking the mandibular part of the skull as an example, after registration based on PCA method and curvature map method, the mandibular part of the two skulls does not completely coincide, but the two skulls coincide well after registration by this method, which shows that the positions of the two skulls are basically the same. The registration errors of the three methods and the running time of the algorithm are calculated for two groups of experiments, respectively, as shown in Table 1 . Compared with PCA-based rough registration method and curvature-based rough registration algorithm, the registration error of this paper is the smallest, and the algorithm is also the least time-consuming.
Therefore, compared with the other two algorithms, the proposed algorithm effectively reduces the time complexity of rough registration and improves the accuracy of registration. Through rough registration, it can be seen that the two skulls are almost in the same coordinate system.
C. EXPERIMENTAL RESULTS AND ANALYSIS OF SKULL FINE REGISTRATION
In the fine registration of the skull, the selected 90 sets of skull data were used as samples, and the standard ICP algorithm and the improved ICP algorithm were used for registration, and the results and efficiency of the registration were compared and analyzed.
From the results of fine registration in Figure 3 , we can see that both algorithms can achieve better results, and it may be difficult to distinguish which method works better visually. However, from the experimental data in Table 2 , it can be seen that the standard ICP algorithm needs 56 iterations to achieve fine registration of the skull, while this algorithm only needs 32 iterations to achieve fine registration. Because this method improves the sampling point selection and culling mismatch points of the ICP algorithm, the matching speed is accelerated, and the number of iterations required is also reduced. Therefore, the proposed method is less time-consuming and more accurate for fine registration.
D. EXPERIMENT RESULTS AND ANALYSIS OF ROUGH REGISTRATION + FINE REGISTRATION
To verify the effectiveness of the whole algorithm, the skull samples are roughly registered and then accurately registered. Comparing the proposed algorithm with curvature-based rough registration algorithm + standard ICP algorithm (curvature + ICP) and PCA-based rough registration algorithm + standard ICP algorithm (PCA + ICP), the efficiency of the proposed algorithm is verified.
From Figure 4 , we can see that the three registration algorithms have achieved relatively high accuracy. Through comparative observation, the algorithm in this paper is more uniform in the skull and mandible registration, and the registration effect is better. Through the analysis of Table 3 , compared with the other two algorithms, the registration accuracy and time-consuming of the proposed algorithm are significantly improved. Due to a large number of skull point clouds, if the nearest point is searched for all points, the time consumption is obviously increased; and there are many mismatches in the matching process, and there may be a large difference between the initial positions of the two skulls. These will affect the registration results and efficiency. Therefore, in the coarse registration stage, we adjust the initial positions of two skulls, to improve the sampling points and mismatching points in the fine registration stage, to reduce the number of iterations, improve the accuracy of registration and reduce the time-consuming.
E. VERIFICATION OF ALGORITHMIC UNIVERSALITY
Based on the above experimental results and analysis, this method has achieved a good registration effect on the skull data. To further verify the effectiveness of the proposed method, we validate the method using a common data set. The experimental data were validated by the rabbit model of Stanford University in the rough registration stage, the precise registration stage and the complete process of rough registration + fine registration. 
1) UNIVERSALITY VERIFICATION OF ROUGH REGISTRATION ALGORITHMS
In the rough registration experiment, the rabbit point cloud model is used as the object, and the rough registration method based on spin image, the rough registration method based on FPFH and the improved spin image proposed in this paper are used for registration. The registration errors and algorithm time-consuming of each method are calculated, and the registration results and efficiency are analyzed. There are 40256 points in the point cloud model of the rabbit to be registered and 40097 points in the target rabbit point cloud model. The key points extracted are 131 and 120, respectively. The rough registration results of the rabbit model are compared as shown in Figure 5 . The registration efficiency pairs are shown in Table 4 .
The two contrastive algorithms are similar in process to the algorithm in this paper, which is of great reference significance. The experimental results show that, compared with the other two algorithms, the time-consuming of the proposed algorithm is increased, but the registration accuracy is improved obviously. Compared with the spin image method, since the method contains more information on the direction, the registration accuracy is more obvious than the spin image. Compared with the FPFH method, the proposed algorithm has stronger anti-noise ability, so the registration accuracy is better.
2) UNIVERSALITY VERIFICATION OF FINE REGISTRATION ALGORITHMS
In the fine registration experiment, the rabbit point cloud model is taken as the object, and the standard ICP algorithm and the improved ICP algorithm are used for registration. The registration errors and algorithm time-consuming of the two methods are calculated, and the registration results and efficiency are analyzed. Figure 6 (a) is the initial position of the two point clouds, and there is little difference between them. It can be seen from Figure 6 (b) and Figure 6 (c) that the registration effect of the two methods is better. However, it can be seen from the foot, ears and bottom of the rabbit point cloud data that the improved ICP algorithm has higher precision than the standard ICP algorithm.
It can be seen from Table 5 that, based on the same experimental data, compared with the standard ICP algorithm, the improved ICP algorithm proposed in this paper is significantly improved in both registration accuracy and algorithm time consumption. The standard ICP algorithm is iterative 38 times to achieve registration, the registration accuracy is 9.369 × 10 −3 mm, and the algorithm time is 22.672s. The algorithm in this paper is superior to the standard ICP algorithm in iterations, registration accuracy and time-consuming. This is because the algorithm in this paper searches for the corresponding points, and eliminates the mismatched pairs by adding geometric feature constraints to quickly and accurately determine the corresponding pair of points, which improves the search efficiency.
3) UNIVERSAL VERIFICATION OF ROUGH REGITRATION AND FINE REGISTRETION
Therefore, this paper takes the rabbit point cloud data with initial position at 0 degree and 90 degrees as the experimental object, respectively adopts the spin image based coarse registration algorithm + standard ICP algorithm (SI + ICP), FPFH based registration algorithm + standard ICP algorithm (FPFH + ICP) and this paper The proposed rough registration algorithm + fine registration algorithm are combined to carry out comparative experiments to verify the effectiveness of the proposed algorithm.
From the registration effect of Figure 7 , we can see that the algorithm in this paper is better than the other two methods. From the rabbit's ear, back and other positions, we can see that the registration results of the algorithm in these parts are more uniform and basically coincide. From the quantitative point of view, it can be seen from Table 6 that compared with the other two methods, the algorithm in this paper has the least number of iterations and achieves a better registration effect when iterating 22 times. Moreover, the registration accuracy and time-consuming of this algorithm are better than the other two methods. Compared with SI + standard ICP, this paper also uses SI + ICP combination, but this paper improves SI in rough registration. The characteristics of SI contain less information and are affected by the density of neighborhood points. The improved SI is optimized for these issues, so results and efficiency are better. Compared with the FPFH + standard ICP, this paper mainly improves the standard ICP algorithm. We reduce the search scale by random sampling, which shortens the time consumption. Geometric constraints are used to eliminate mismatched pairs, and then registration is more accurate.
VI. CONCLUSION
This paper presents an improved skull registration method based on spin image and ICP. Firstly, the skull model is denoised and normalized, the key points of the skull point cloud are extracted, and the local coordinate reference system is constructed according to the key points and their neighbor points. Subsequently, local feature descriptors are constructed based on the improved spin image to constrain and find the initial corresponding point pairs to achieve skull rough registration, which provides a good initial condition for fine registration. Then, on the basis of rough registration, the improved ICP algorithm is used to achieve accurate registration. Finally, the whole registration algorithm is applied to the skull point cloud data. The experimental results show that, compared with other registration methods, the accuracy and efficiency of this method are significantly improved, and it is also effective in public data sets. The contribution of this method is as follows: 1, In the rough registration stage, the method of the spin image is improved. The average number distribution matrix is used to describe local features, which overcomes the influence of neighborhood point density and enriches the information contained in local descriptors. The method of combining the nearest neighbor algorithm with a threshold is used to improve the accuracy of feature matching, and the k-means algorithm is used to eliminate mismatching points. 2, In the fine registration stage, the standard ICP algorithm is improved, random sampling is used to narrow the search scale, and the search speed is improved. The geometric feature constraints are added, the mismatched pairs are eliminated, the corresponding point pair sets are quickly determined, and the precision is improved. 
